We present CSDeconv, a computational method that determines locations of transcription factor binding from ChIP-seq data. CSDeconv differs from prior methods in that it uses a blind deconvolution approach that allows closely-spaced binding sites to be called accurately. We apply CSDeconv to novel ChIP-seq data for DosR binding in Mycobacterium tuberculosis and to existing data for GABP in humans and show that it can discriminate binding sites separated by as few as 40 bp.
Background
With the rapidly decreasing cost of DNA sequencing, chromatin immunoprecipitation (ChIP) followed by sequencing of the resulting DNA fragments (ChIP-seq) is fast becoming the most attractive method for the study of genome-wide protein-DNA interaction, yielding advantages such as lower cost, higher resolution, and a lower requirement for input material over the principal alternative, ChIP-chip, which involves hybridization of the immunoprecipitated fragments to a genomic microarray [1] [2] [3] . But to harness fully the potential of ChIP-seq, analysis techniques that accurately translate sequencing reads into reliable calls of the genomic locations of the sites of protein-DNA interaction are necessary. To date, a number of such analysis techniques have been developed [2, [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . These methods, however, generally do not identify distinct binding sites lying close together (separated by a distance on the order of 100 bp or less), instead interpreting such cases as a single, incorrectly located binding site. Such cases of closely spaced binding sites arise regularly, especially in prokaryotic genomes (see, for example, [15, 16] ), and an analysis technique capable of making the correct calls is necessary for the full potential of ChIP-seq to be realized.
We present CSDeconv, a computational method that accurately identifies binding sites, including closely spaced binding sites, from ChIP-seq data. In contrast to prior methods that identify binding sites by searching for enrichment peaks in sequenced reads, we recognize that peaks cannot be clearly and distinctly resolved when binding sites are separated by short distances, and we therefore instead use a blind deconvolution approach in which we simultaneously estimate the shape of an enrichment peak as well as the location and magnitude of binding sites. Our work builds on many of the innovations introduced by Valouev and colleagues [4] to the analysis of ChIP-seq data in their method QuEST, including using kernel density estimation [17, 18] to estimate the probability density function associated with the location of sequencing reads.
To demonstrate the capabilities of CSDeconv, we have applied it to novel ChIP-seq data for the DosR (dormancy survival regulator) transcription factor in Mycobacterium tuberculosis (MTB) and to existing data collected by Valouev and colleagues [4] for the GABP (growth-associated binding protein) transcription factor in humans. The DosR dataset is well-suited to CSDeconv because, in comparison to most mammalian transcription factors, DosR binds only to a small number of sites, allowing the sites to be studied in detail. Moreover, the computational requirements of CSDeconv restrict the number of binding sites that can be analyzed to this scale. Nevertheless, CSDeconv can be applied to mammalian data, and we demonstrate this by analyzing GABP binding over a 2-Mbp segment of human chromosome 19.
In our analysis of DosR binding, we found 24 distinct binding sites distributed over 18 regions, of which 15 regions are upstream of genes whose hypoxic induction has been previously shown to be dependent on DosR [16] . Moreover, our predictions appear spatially accurate with 23 of the 24 predicted sites located within 50 bp of a motif closely resembling that previously identified by Park and co-workers [16] . Notably, four binding sites occur in two closely spaced pairs, and three occur in a closely spaced triplet, and it is clear that these sites cannot be distinguished by using prior peak-calling algorithms. One of the closely spaced pairs occurs in the promoter region of the gene acr (Rv2031c), where the centers of the two distinct sites are separated by only 57 bp. That binding occurs at both of these sites was previously established by mobility shift assays [16] , and the relative contributions of the two sites to the induction of acr by DosR under hypoxia corresponds qualitatively to the relative binding magnitudes established by our algorithm. In our analysis of GABP binding on chromosome 19, we found 23 distinct binding sites distributed over 15 regions. Of the 23 binding sites, 18 are located within 50 bp of a motif resembling that previously identified [4, 19] .
Owing to the ability of CSDeconv to call closely spaced binding sites, it is capable of achieving a greater level of accuracy, as determined by motif analysis, than do alternative methods when calling the same number of binding sites. We demonstrate this capability by comparing the performance of CSDeconv with MACS [7] and SISSRs [9] , two publicly available ChIP-seq peak finding methods.
Materials and methods

Density estimation of enriched regions
We divided the genome into N nonoverlapping bins. The number of bins N was chosen so that the expected number of reads in each bin, assuming a uniform distribution, would be at least 10. For simplicity, we rounded bin sizes up to the nearest 100. For the MTB genome, this resulted in 4,412 nonoverlapping bins, each of length 100 bp, and, for the 2-Mbp segment of human chromosome 19 that we studied, this resulted in 182 nonoverlapping bins, each of length 1,100 bp.
We took reads from a ChIP library and reads from a control library and placed them into these bins. We then calculated the log-likelihood ratio (LLR) for independence of the ChIP distribution from the control distribution for each bin, which is given by where n ChIP and n ctrl are the number of ChIP and control reads in the bin, respectively, and N ChIP and N ctrl are the total number of ChIP and control reads in the entire dataset, respectively.
We selected those bins with more ChIP reads than control reads whose LLRs exceeded a certain threshold. For each selected bin, we added 300 bp on either side to ensure that the entire enrichment peak is captured, and we call such a genomic region an enriched region. Adjacent or overlapping enriched regions are combined into a single enriched region. Let k be the number of enriched regions.
For each enriched region, we applied kernel density estimation with a gaussian kernel. By following the method of [4] , we chose kernel bandwidths empirically to be those that yielded good performance. We chose a bandwidth of 30 for IP reads and a bandwidth of 300 for control reads. For enriched region i, we obtain four density functions, , , , , for the forward and reverse ChIP reads and the forward and reverse control reads, respectively. We then compute forward and reverse 
Initial peak shape estimation
We make an initial estimate of the shape of an enrichment profile as follows. We aim to select a pulse that is strong (of large amplitude) and narrow, such as to select a pulse that is observed with low noise and that is likely to arise from a single binding site. Thus, for each enriched region, we compute the full width at half maximum (FWHM) and amplitude of the forward and reverse enrichment profiles and compute the average FWHM and amplitude for the region by taking the mean of the forward and reverse values.
We then take the top quartile of the enriched regions according to average amplitude and select the enriched region i* with the smallest average FWHM in this set. In effect, this selects the narrowest peak from among the strongest pulses serving as a good initial estimate of a single binding site. The enriched region i* thus selected is used to compute the initial peak shape.
Specifically, we set the discrete function h 0 and the scalar m 0 according to where M i* is the length of the selected enriched region i*. The function h 0 is normalized to a maximal amplitude of unity, and the normalized function describes the initial peak shape.
Iterative blind deconvolution
We initialize the procedure by setting h := h 0 . Then, for each enriched region i, we solve where M i is the length of enriched region i, and α is a regularization factor that biases solutions with fewer components. The estimates a* and m* are of the amplitudes and positions of the binding sites, and the estimate N* is of the number of the components in the enriched regions.
We solve the minimization problem for each i by starting with N i = 1 and solving the minimization over a i and m i by random-restart gradient descent (see, for example, [33] ). We then increment N i and solve over a i and m i again, and we continue in this fashion until the objective increases.
For a given (a*, m*, N*), we reestimate h by assuming that (a*, m*, N*) are true and estimating the most likely h; that is, we solve which can be solved as a constrained linear least-squares problem, and set h := h*. We repeat this iterative procedure until convergence in h.
DosR ChIP-seq library construction and sequencing
MTB strains H37Rv and H37Rv:ΔdosR were grown to early log phase and then exposed to 0.2% O 2 for 2 hours, as described in [22] . The bacilli were fixed by addition of formaldehyde, lysed with bead beating (6 × 15 seconds with cooling on ice between beats), and DNA sheared by sonication. The extract was incubated with anti-DosR antibodies and run over MagnaBind Protein A coated beads (Thermo Fisher Scientific Inc., Rockford, IL, USA). The antibody-bound complex was eluted from the beads, crosslinking was reversed by the addition of SDS and incubation at 65°C, and DNA fragments were purified by using a QIAquick PCR Purification Kit (QIAGEN Inc., Valencia, CA, USA). The DNA was blunted, and adapters were ligated to each end to facilitate Solexa sequencing. PCR was then used specifically to enrich for DNA fragments with adapter molecules ligated to both ends. DNA obtained from H37Rv was used for the ChIP library, whereas that from H37Rv:ΔdosR was used for the control library. Sequencing was carried out by using the Illumina/ Solexa Genome Analyzer system, according to the manufacturer's specifications. We obtained a total of 8,361,463 reads in the ChIP library, of which 5,748,148 (68.7%) were aligned (some reads were not aligned, as they were not considered uniquely alignable), and a total of 9,627,826 reads in the control library, of which 6,041,158 
(62.7%) were aligned. Reads were aligned as described in [3] .
GABP ChIP-seq dataset
ChIP-seq data for the GABP transcription factor in humans was obtained from Valouev and associates [4] . This dataset contains 7,862,231 aligned ChIP reads and 17,404,922 aligned control reads. We omitted from the dataset all reads that did not lie on chromosome 19 between positions 60,000,000 and 62,000,000, which resulted in 27,800 aligned ChIP reads and 19,930 aligned control reads.
Software implementation
CSDeconv is implemented by using MATLAB R2009a (The Mathworks, Inc., Natick, MA, USA) and is freely available for nonprofit use [34] .
Results and Discussion
An overview of CSDeconv is shown in Figure 1 . CSDeconv begins with an initial stage in which enriched regions are identified and kernel density estimation is applied to estimate the probability density functions associated with ChIP and control read locations. For both ChIP and control reads, we estimate probability densities functions for forward reads (reads that align to the forward strand) and reverse reads (reads that align to the reverse strand). To identify enriched regions, we divide the genome into nonoverlapping bins into which reads are binned, and we search for significantly enriched bins by using a log-likelihood ratio (LLR) test. The probability density functions associated with ChIP and control read locations are used to derive enrichment profiles that describe the enrichment level throughout each enriched region for both forward and reverse reads.
From the enrichment profiles, an initial estimate is made of the shape of an enrichment peak. Specifically, we use a heuristic that searches for narrow peaks of large amplitude. This peak shape is used to deconvolve the enrichment profiles (that is, binding site locations and magnitudes are estimated under the assumption that each binding site gives rise to one peak of the given shape). Because the initial peak-shape estimate may be incorrect, the binding-site locations and magnitudes thus obtained are used to reestimate and refine the peak shape. We then return to estimating binding-site locations and magnitudes by using the reestimated peak shape. We repeat this iterative cycle until the change in the peak shape achieved in an iteration is negligible.
Performance
To test CSDeconv, we applied it to novel ChIP-seq data for the DosR transcription factor in MTB and to existing data for the GABP transcription factor in humans.
DosR is a transcription factor that is believed to play an important role in MTB virulence, and it is therefore important to understand its targets and mechanism of operation. The dosR locus is among the first induced by reduced oxygen [20] [21] [22] or low levels of nitric oxide [23] , which are conditions thought to reflect in vivo infection. Moreover, DosR is induced rapidly on infection of macrophages [24, 25] and mice [23, 26] . DosR is therefore believed to play an important role in infection, and it is necessary for hypoxic gene induction [16] -a condition used to promote nonreplicating persistence in vitro. Thus, DosR has received significant attention, and a putative motif has been derived for its binding site [16] .
GABP is a human transcription factor that was previously studied by using ChIP-seq by Valouev and colleagues [4] . The potential for GABP to bind multiple times in closely spaced regions [27] makes it a suitable test case for blind deconvolution to tease apart multiple binding sites over short distances. As it is currently implemented, CSDeconv cannot be used straightforwardly to analyze genome-wide binding of GABP because the computational requirements of CSDeconv prohibit the analysis of such a large number of enriched regions. CSDeconv can, however, be applied to analyze a subset of all enriched regions, thus demonstrating the efficacy of blind deconvolution, even in the lower sequencing depths that are achieved on mammalian genomes.
To apply CSDeconv effectively, it is necessary to set its parameters to achieve an appropriate level of sensitivity and specificity. Two parameters of principal importance exist: the threshold on the LLR that is used to determine significantly enriched bins, and the regularization factor α that determines the number of binding sites that are called in an enriched region. We determine appropriate levels for these parameters by estimating the false discovery rate (FDR) achieved by various settings. The FDR is estimated by using the same procedure used in a number of ChIPseq and ChIP-chip peak finders [7, 28, 29] : a sample swap. ChIP and control reads are swapped, CSDeconv is run, and the empirical FDR is calculated as the number of detections in the control (over ChIP) sample divided by the number of detections in the ChIP (over control) sample.
In Figures 2a and 2b , we show the empirical FDR for enriched regions as a function of the LLR threshold for the DosR and GABP datasets, respectively. We see that, owing to its lower coverage, larger LLR thresholds are required to achieve low FDRs in the GABP dataset. To ensure that a sufficient number of false enriched regions exist to obtain a good estimate of the FDR for binding sites, we set the LLR threshold to achieve a relatively high empirical FDR for enriched regions. We set the LLR threshold to 18.75 for (page number not for citation purposes) Figure 1 Overview of CSDeconv. After an initial stage in which enriched regions are identified and probability density functions associated with ChIP and control read locations are derived, we obtain enrichment profiles that describe the enrichment level throughout each enriched site for both forward and reverse reads. From the enrichment profiles, an initial estimate is made of the shape of an enrichment peak. The peak shape is used to deconvolve the enrichment profiles, deriving binding-site locations and magnitudes, which are then used to reestimate the peak shape, and this iterative cycle is repeated until convergence.
Overview of CSDeconv
the DosR dataset and 38.5 for the GABP dataset, achieving empirical FDRs for enriched regions of 0.389 and 0.40, respectively.
At these LLR thresholds, we then determine the empirical FDR for binding sites at various levels of α. The empirical FDR for binding sites as a function of α is shown in Figures 2c and 2d . For the results we report, we set α to 700 for the DosR dataset and to 40,000 for the GABP dataset, achieving low empirical FDRs of 0.042 and 0.044, respectively.
For DosR, CSDeconv identified a total of 24 binding locations (see Table 1 ). With MEME [30] , we searched for a conserved DNA motif within 50 bp of the binding locations, and we found an 18-bp motif that closely matches the motif previously identified by Park and co-workers [16] from expression analysis (see Figure 3a ). Then, by using MAST [31] , we searched for the presence of this motif within 50 bp of the binding locations and, for 23 of the 24 binding locations, we found a matching sequence. The average difference of the position estimated by CSDeconv and the center of the motif-matching sequence is 13.9 bp, and the average absolute difference is 20.1 bp. An examination of the sequences in the 18 enriched regions in which these 24 binding sites occurred did not reveal any likely binding sites that were not called. 
Empirical FDR of CSDeconv
FDR
Notably, we are able to identify several instances of very closely spaced binding sites. For example, we identify two binding sites upstream of Rv1737c that are separated by only 40 bp, and we identify two binding sites upstream of Rv2031c that are separated by only 57 bp. As an illustrative example, we show the latter in Figure 4 . That binding occurs at both of these sites was previously established by mobility-shift assays [16] . Moreover, our algorithm predicts that more binding occurs at the more upstream of the two sites, which is the site that has been found to be responsible for a greater fraction of the DosR-dependent induction of Rv2031c under hypoxic conditions.
For GABP, we applied CSDeconv to an arbitrarily chosen 2-Mbp segment of human chromosome 19 that starts from chromosome position 60,000,000. In this segment, we identified 23 GABP-binding locations (see Table 2 ) of which 17 (74%) lie within CpG islands, indicative of promoter and control regions [32] . With the same analysis as for DosR, we found a 12-bp motif resembling that previously identified [4, 19] that lies within 50 bp of 18 of the 23 binding locations found by CSDeconv (see Figure 3b ). The average difference of the position estimated by CSDeconv and the center of the motif-matching sequence is 9.1 bp, and the average absolute difference is 23.5 bp. Again, CSDeconv identifies a total of 24 binding sites. The position of the sequence matching the motif shown in Figure 3a is given if such a sequence exists within 50 bp of the predicted binding site. Table 1 .
Sequence logos of binding motifs
Motif logos overlay the actual sequence of the intergenic region truncated for brevity, showing the two binding sites, which are separated by a scant 57 bp. Enrichment is plotted as the fold magnitude of the ChIP read density over the control read density.
we identify several instances of very closely spaced binding sites. In particular, we identify two binding sites located at positions 60,209,299.5 and 60,209,319.5 that are separated by a mere 20 bp.
Comparison with other methods
Other methods for ChIP-seq data analysis search for peaks of enrichment and call such peaks as single binding sites. They do not deconvolve the peaks into separate binding sites. As such, they are generally incapable of identifying closely spaced binding sites where enrichment peaks overlap and merge into a single peak, as is the case, for example, in Figure 4 . We therefore expect that, for the same number of binding sites called, CSDeconv will exhibit a greater level of accuracy than alternative methods, which are based on peak searching. Such alternative methods will miss instances of closely spaced binding sites and instead call false binding sites.
We demonstrate the capabilities of CSDeconv by comparing it with MACS [7] and SISSRs [9] , two publicly available ChIP-seq peak-finding methods. For both DosR and GABP, we use MEME and MAST to determine the percent-age of predicted binding sites that have an associated motif within 50 bp for CSDeconv, MACS, and SISSRs, applied at varying levels of stringency.
For the DosR dataset, CSDeconv consistently yields a significantly higher percentage of motif occurrences than do both MACS and SISSRs (see Figure 5 ). The results we show are obtained with the LLR threshold fixed at 18.75, as before, and we vary α to obtain differing numbers of predicted binding sites. Thus, we expect the accuracy to fall off rapidly after a certain number of predicted sites are called, because the number of enriched regions remains constant. The decline in accuracy is observably noticeable after approximately 25 sites. For the GABP dataset, CSDeconv yields a higher percentage of motif occurrences than MACS and is comparable in performance to SISSRs. The LLR threshold is fixed at 38.5, as before, so we again expect the accuracy to fall off rapidly for CSDeconv.
Motif occurrence can be used not only to validate binding sites, but potentially also to find them. It may be possible to avoid blind deconvolution by simply searching for multiple, rather than single-motif occurrences around a CSDeconv identifies a total of 23 binding sites between position 60,000,000 and 62,000,000 on chromosome 19. The position of the sequence matching the motif shown in Figure 3a is given if such a sequence exists within 50 bp of the predicted binding site.
ChIP-seq peak. To establish that the performance improvements observed in CSDeconv are due to blind deconvolution and cannot simply be found by motif searching, we compared CSDeconv against a "simplified" version; instead of using blind deconvolution to detect instances of multiple binding sites at a single enriched region, we simply used MEME to search for conserved motifs that can occur arbitrarily many times around peaks in each enriched region. The results of this analysis are shown in Table 3 . We see that there are both instances in which binding sites are called by CSDeconv and not be the simplified version and vice versa. In general, the simplified CSDeconv calls more binding sites, and this is especially true in the case of GABP, where the motif is less informative. Cases exist, however, in which the simplified CSDeconv fails to call binding sites that are called by CSDeconv. These cases are supported by read enrichment, and slight modifications to the motif are usually enough to allow a match at those locations, but the simplified CSDeconv has difficulty finding a suitable motif. As for whether the additional binding sites called by the simplified CSDeconv are false positives, this is difficult to determine, as few true negatives are known, especially when it comes to closely spaced binding sites. In the case of the acr (Rv2031c) gene in MTB, however, the binding site in this gene's promoter region that is called by the simplified CSDeconv and is not called by CSDeconv (at position 2279027) is unlikely to be bound by DosR at any significant level, based on previous studies [16] . We conclude, therefore, that the results obtained by CSDeconv cannot simply be obtained by motif searching, and our results indicate that the latter method results in a higher rate of false positives.
Conclusions
As sequencing becomes faster and cheaper, ChIP-seq will likely become the method of choice for mapping sites of protein-DNA interaction, and methods that can call such sites effectively and accurately from ChIP-seq data will become increasingly important. CSDeconv allows accurate calls to be made in the case of closely spaced transcription factor-binding sites, which is a phenomenon observed frequently, particularly in prokaryotes. The method we use differs substantially from previous techniques in that we use a blind-deconvolution approach, explicitly estimating the shape of an enrichment peak in addition to binding-site locations and magnitudes, thereby distinguishing closely spaced transcription factorbinding sites.
As it is currently implemented, CSDeconv is not attractive for the study of genome-wide binding of transcription factors in mammalian genomes because of its computational requirements. We have, however, demonstrated that CSDeconv can be applied to mammalian ChIP-seq data and is useful for the analysis of such data. Although it is difficult to predict how the number of iterations required by CSDeconv will increase as the number of enriched regions increases, each iteration simply scales linearly. Thus, whereas CSDeconv is currently suited to handle a small number (tens) of enriched regions, it is likely that, with algorithmic improvements, blind deconvolution can Comparison of CSDeconv, MACS, and SISSRs by motif analysis Figure 5 Comparison of CSDeconv, MACS, and SISSRs by motif analysis. The percentage of predicted binding sites with associated motifs within 50 bp is shown as a function of the number of predicted binding sites with CSDeconv, MACS, and SISSRs for (a) DosR and (b) GABP. For MACS and SISSRs, we take the predicted binding-site location to be the peak center. be straightforwardly applied to study genome-wide protein-DNA interaction in mammals and other eukaryotes.
(a) (b)
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